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The Gene Ontology (GO) provides biologists with a controlled terminology that describes how
genes are associated with functions and how functional terms are related to each other. These
term-term relationships encode how scientists conceive the organization of biological functions, and
they take the form of a directed acyclic graph (DAG). Here, we propose that the network structure
of gene-term annotations made using GO can be employed to establish an alternate natural way to
group the functional terms which is different from the hierarchical structure established in the GO
DAG. Instead of relying on an externally defined organization for biological functions, our method
connects biological functions together if they are performed by the same genes, as indicated in a
compendium of gene annotation data from numerous different experiments. We show that grouping
terms by this alternate scheme is distinct from term relationships defined in the ontological structure
and provides a new framework with which to describe and predict the functions of experimentally
identified sets of genes. Tools and supplemental material related to this work can be found online
at http://www.networks.umd.edu.
1. INTRODUCTION
The Gene Ontology (GO) [4][34] has been around for
over a decade, during which time it has been widely uti-
lized both to validate and to predict the results of biolog-
ical experiments (see, for example [11, 17, 19, 20, 25, 38,
39]). The structure of the ontology, where different “cate-
gories” or terms are related to each other in a hierarchical
fashion, provides a well-established format with which to
classify and subclassify all biological functions and pro-
cesses. This classification approach is well-structured and
well-characterized, however, we seek to determine if it is
the only natural way in which to classify this type of
biological information. We address two main questions.
First, does there exist another natural way to organize
the functional terms that is distinct from the ontological
organization? Secondly, if such an alternate classification
exists, can it be used to interpret biological data?
In recent years, complex networks tools have been
used alongside traditional bioinformatics techniques to
study many different kinds of biological networks [27],
including, but not limited to, gene regulatory networks
[24, 33], protein-protein interaction networks [18, 36], and
metabolic networks [16, 40]. Developments in network
theory provide the computational tools needed to calcu-
late global properties of such networks, lending insights
into the behavior of the systems represented by these
∗contact: kglass@jimmy.harvard.edu
networks. For example, many networks exhibit commu-
nity structure, meaning that there are clusters of nodes
in the network within which edges are relatively dense
[13]. Within the field of complex networks, many recent
research papers [21, 26, 28, 31] have focused on the de-
velopment of methods to detect such module in various
types of networks [26][21] in a computationally efficient
and accurate manner [6]. In this study, we leverage the
community structure in gene annotation networks to de-
velop an endogenous organization of biological functions.
Ontologies are utilized across many disciplines in-
cluding economics, artificial intelligence, engineering, li-
brary science, and biomedical informatics (for example,
[5, 22, 32]). The Gene Ontology, specifically, describes
the relationships between different biological concepts or
functions [4]. It breaks these concepts into three main do-
mains, or distinct ontologies: “Biological Process” (BP),
describing sets of molecular events, “Molecular Func-
tion” (MF), describing the activities of gene products,
and “Cellular Component” (CC), describing parts of a
cell or its external environment. Each of the three pri-
mary domains in GO takes the form of a directed acyclic
graph (DAG), in which “child” functional categories,
or “terms”, are subclassified under one or more “par-
ent” terms. Each parent and all its subsequent progeny
therefore define multiple, overlapping, sets of terms, or
“branches” in GO. Using GO, genes are annotated to in-
dividual terms representing their particular role in a cell,
and these annotations are transitive up the relationships
in the DAG such that each “parent” term takes on all the
gene annotations associated with any of its progeny [35].
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2In the past there has only been minimal investigation of
how biological functions might be related to each other
outside of the ontology structure, with the majority fo-
cusing on discovering individual links between functions
[19] rather than investigating the structure as a whole. In
this work, we propose an alternate classification of func-
tional terms that relies on gene-term annotations rather
than ontological relationships.
Our complex networks approach to organizing biologi-
cal functions using annotations made to the Gene Ontol-
ogy is outlined in Figure 1. We begin by considering term
relationships defined by the GO hierarchy. We then add
in gene-term annotation information collected from nu-
merous different experiments and encapsulate these con-
nections in the form of a bipartite network. Next, we
use this bipartite network to construct another network
describing the relationships between functional terms
based on shared gene annotations. We apply community
structure finding algorithms to partition this annotation-
driven network into communities of terms and compare
these communities to branches (ontological groupings of
terms) from the GO hierarchy. We show that, although
there are some similarities, there are also very strong dif-
ferences between the two ways of organizing terms. Fi-
nally, we test the applicability of the community-derived
classification, utilizing functional analysis techniques to
evaluate the enrichment of cancer signatures (sets of
genes associated with cancer) in both term communities
and GO branches. We find that certain signatures are
enriched primarily in our term communities and not GO
branches. Therefore, we suggest that by linking func-
tional terms based on shared genes, we can create an
alternate, biologically meaningful, network-derived orga-
nization of terms that is both distinct from the GO DAG
and can be used to investigate biological systems. Tools
and supplemental material related to this work can be
found online at http://www.networks.umd.edu.
2. METHODS
2.1. Characterizing Gene Ontology Annotations in
a Bipartite Graph
In the following analysis we explore if there exists an
alternate, natural way to classify terms that is distinct
from the ontology structure. To begin, we use term-term
ontology relationships and gene-term annotation infor-
mation for human genes downloaded from the GO web-
site (geneontology.org) to construct a gene-term bipartite
network. We choose to represent this network in the form
of an nG × nT adjacency matrix, where nG is the total
number of genes and nT is the total number of terms
listed in the annotation file. In this matrix a value of one
indicates a known connection between the corresponding
gene and term, and a value of zero indicates that the gene
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FIG. 1: Visual representation of our approach. First, we sum-
marize gene annotations made to functional terms in the Gene
Ontology hierarchy as a gene-term bipartite graph. From
these gene-term relationships, we project a term-term net-
work. We partition this network into communities and com-
pare those term communities to branches of terms in the
DAG. Finally, we perform functional enrichment analysis on
experimentally-defined gene sets using both the term commu-
nities and GO branches.
is not associated with that term. Thus,
Bpi =
{
1 if gene p is annotated to term i
0 if gene p is not annotated to term i
. (1)
This bipartite network represents a summary of the re-
lationships between 18930 genes and 15033 functional
terms, derived from many different types of biological
evidence and contributed to by multiple laboratories[10].
We note that although GO is broken into three primary
domains and gene-annotations are made to the ontology
for many species, for simplicity in the following analysis
we will combine information from all three domains and
use annotation information only that pertains to human
genes. Domain-specific and comparative species analysis
is provided in the Supplemental Material.
2.2. Constructing a Term Network from Gene
Ontology Annotations
Next, we used gene-term annotations to construct a
network representing term-term relationships. Using the
bipartite network (Equation 1) one could create a term
network by simply joining together any pair of terms that
share common genes; however, the number of genes an-
notated to each term has a heavy-tailed distribution (see
Supplemental Figure S1(a)), thus this approach would
lose a large amount of information as connections be-
tween pairs of highly-annotated terms would be given the
same weight as connections between pairs of terms with
only a few annotations. We correct for the skewed term
3degree distribution by constructing a diagonal weighting
matrix, w, and then projecting a term network T , whose
edges are modified by this weighting matrix:
wij =
δij
nG∑
q=1
Bqi
, T = w′B′Bw. (2)
The values of Tij take a maximum value of one when
terms i and j each only have the same single gene an-
notation and a minimum value of zero when none of the
genes annotated to term i are annotated to term j. The
use of the weighting matrix emphasizes the weights of
network edges between low degree terms. Since these
terms represent biological functions performed by only a
handful of genes, we believe this weighting is more likely
to capture highly-specific shared biological information.
2.3. Identifying Communities of GO terms
Finally, we seek to identify the community structure
in annotation-driven term-term relationships, or clusters
of terms within which there are many or high-weight re-
lationships in our projected network (Equation 2), but
between which there are only few or low-weight relation-
ships. In order to quantify the strength of community
structure we use a quantity known as modularity [28].
Modularity (Q) can be defined as:
Q =
1
2m
∑
ij
[
Aij −
(
1 +
r
〈k〉
)
kikj
2m
]
δ(xi, xj) (3)
where δ is the Kronecker delta function, xi is the com-
munity of node i, ki is the degree of node i, A is the
adjacency matrix, a matrix with values representing the
weight between nodes i and j, and m is the total weight
of the edges in the network[3, 26]. Traditionally, in order
to partition a network into communities, the resolution
parameter, r in Equation 3, is set equal to zero. Vary-
ing this value allows one to look for alternate divisions
of a network into communities at different scales, or res-
olutions, with r > 0 uncovering sub-structures in the
network [3].
We used a weighted version of the Fast Greedy Com-
munity Structure algorithm [6] to investigate the com-
munity structure of our term network, and found fifty-
six communities at maximum modularity. We then im-
plemented a modified version of the Fast Greedy that
maximizes modularity for non-zero values of the reso-
lution parameter in order to find many different viable
partitions. We varied the resolution parameter several
orders of magnitude and found 11491 different commu-
nities (see Supplemental Table S1). We gave our com-
munities numeric identities that vary from TC:0000001
to TC:0011491 and will refer to them as such in the
following analysis. The different values of the resolu-
tion parameter were chosen to give community sizes that
were roughly similar to those defined by the branches at
different levels of the GO DAG (see Supplemental Fig-
ure S1(a)). Like GO branches, which represent overlap-
ping sets of functional categories rather than one discreet
partition of terms, communities found at different reso-
lutions are highly overlapping and represent functional
structure at many different levels of specificity.
3. RESULTS: AN ALTERNATE “NATURAL”
GROUPING OF GO TERMS
3.1. Term Communities and GO Branches
Represent Distinct Collections of Biological
Functions
To better understand the relationships between the
communities found at different resolutions, we visualized
the term communities with ten or more members for the
six lowest values of resolution used (Figure 2). In this
visualization each community is represented by a single
circle, whose radius scales as the log of the number of
terms belonging to that community and whose color cor-
responds to the percentage of members from each pri-
mary domain that belong to that community. Between
the communities found at adjacent resolutions, we draw a
line from a community at a higher resolution to a commu-
nity at a lower resolution if at least 10% of the members
of the community from the higher resolution also belong
to the community at the lower resolution. The thick-
ness of the line is indicative of the overlap between the
two communities. For more details on the visualization
process see the Supplemental Material.
The structure of annotation-driven term relationships
is distinct from the structure of those relationships as
defined by GO branches. This is evidenced clearly by
the fact that, although each GO branch can only belong
to one primary ontology, and thus would be pure yel-
low, cyan or magenta in this type of visualization, com-
munities, even smaller ones and those found at higher
resolutions, generally contain members from multiple on-
tologies, resulting in a rainbow of colors. We also observe
that communities at higher resolutions do not merely rep-
resent the “splitting apart” of communities at lower reso-
lutions (represented by a child community only connect-
ing to a single parent), but instead each resolution often
brings about a new way of partitioning the network. An
analogous visualization of GO branches reveals a similar
a complex partitioning of terms in the GO DAG, albeit
segregated by primary domain (see Supplemental Figure
S2).
Next we directly compared the membership of the term
communities with that of branches in the GO DAG. In
order to quantify the similarity between each commu-
nity and branch, we calculated the Jaccard similarity,
which takes the value J(x, y) = |x ∩ y|/|x ∪ y|. Then, for
each community (x), we determined the corresponding
branch (y) that has the highest overlap in membership
4BP
CC MF
FIG. 2: Visualization of communities (circles) of GO terms found at the six lowest levels of resolution (rows), in increasing
order (top to bottom). The width of the line connecting two communities is proportional to the percentage of terms in the child
community that are also in the parent community. The size of communities is proportional to the log of the number of terms
in the community. Color represents the normalized percentage of terms in the community which belong to the BP (yellow),
MF (cyan) and CC (magenta) primary domains.
by this measure: Jm(x) = max{J(x, y) : y ∈ Y }, and
vice versa. Because the exact value of the Jaccard sim-
ilarity is highly sensitive to incremental changes in set
membership when comparing sets with only a few mem-
bers, we will limit all the following analysis to communi-
ties and branches that contain ten or more terms in order
to focus on the most robust results. Figure 3(a) shows
the distribution of Jm comparing these 2370 communities
and 2151 branches. Although a handful of communities
and branches are quite similar to each other, the ma-
jority of communities are dissimilar to the GO Branches
and vice versus. We have repeated this analysis con-
structing the term network and corresponding partitions
three more times, using annotations specific to each of
the three primary ontologies, and observe similar results
(see Supplemental Figure S1(b)-1(d) and Supplemental
Table S2).
To better interpret these values, we selected several
communities to inspect more closely. First we selected
a community with a very high Jm value to inspect (Fig-
ure 3(b)). TC:0007391 is most similar to GO:0070570
(“regulation of neuron projection regeneration”) with
Jm = 0.6667. It is interesting that in addition to mem-
bers from the BP domain, TC:0007391 also includes two
members from the MF and CC domains, “neutrophin re-
ceptor activity” and “perineuronal net” respectively, the
former of which is involved in the regeneration of injured
axons [12] while the degradation of the latter has been
shown to favor axon regeneration [30]. This indicates
that terms found in the community but not the branch
are consistent with known biology.
Next we selected TC:0000936, which is most simi-
lar (Jm = 0.1667) to GO:0060538 (Figure 3(c)). We
note that that the dissimilarity found between this com-
munity and branch cannot be attributed to community
membership from multiple primary domains, as all of
TC:0000936’s members belong to the “Biological Pro-
cess” primary domain. Interestingly, the branch de-
fined by GO:0060538 has members that belong to eleven
distinct communities, demonstrating that not only are
communities often distinct from branches, within the
branches themselves the annotation-driven classification
is often very distinct from the defined ontological rela-
tionships. This pair is a representative example of the
maximal shared information that is typically found be-
tween a community and branches, therefore we conclude
that although there is occasional similarity between our
found communities and GO branches, the communities
are not simply a recapitulation of the DAG.
3.2. Capturing the Biological Information in Term
Communities
We have illustrated that our term communities rep-
resent a natural partitioning of functional terms that
is distinct from the GO DAG, however, the biological
meaning of these communities is, at this point, unclear.
On a mathematical level they represent sets of biologi-
cal functions that are generally performed by the same
collection of genes. Labeling and understanding the bio-
logical meaning behind these communities is vital if they
are to have the same wide-range applications as the GO
branches. Therefore, in order to easily interpret the con-
tents of an individual community we choose to summa-
rize the descriptions of its member terms in the form of
a word cloud, coloring each word in the cloud based on
the normalized percentage of times the members is it de-
rived from belong to each primary domain, and scaling
the size of each word by the statistical enrichment of its
frequency in that community (for details see Supplemen-
tal Material). We illustrate the biological content of two
communities in Figure 4(a)-4(b).
The word clouds illustrate a richness of biological
information in term communities. Although Com-
munity TC:0000400 (Figure 4(a)) contains 335 mem-
bers harking from all three primary domains, the word
cloud presentation easily summarizes this information.
The individual words are often contained in terms as-
sociated with multiple domains, resulting in a com-
plex coloration, but reveal that this community in-
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FIG. 3: A comparison of branches in the GO DAG and term
communities found by partitioning the term network. (A)
Distribution of Jm, the maximum similarity a community
or branch with ten or more members has compared to all
other branches or communities with ten or more members,
respectively. Although a small number of communities and
branches have similar memberships, most are highly dissimi-
lar. (B)-(C) Two example comparisons between communities
and branches: (B) TC:0007391 compared to GO:0070570, and
(C) TC:0000936 compared to GO:0060538. In each panel on
the left hand side a community and its inter-community con-
nections in the annotation-driven term network is shown and
on the right hand side the branch with which that commu-
nity has the the highest Jaccard similarity is illustrated. In
the right panel edges represent the ontological associations
defined by the Gene Ontology term hierarchy. Each term
member of the community or branch is colored both by its as-
sociated primary domain (inner color - BP:yellow, MF:cyan,
CC:magenta) and its community membership (outer color),
determined at the same resolution value as the illustrated
community. Terms common between each community and
branch pair are circled.
cludes biological concepts related to various types of
RNA, including “rRNA”, “tRNA”, “mRNA”, “LSU-
rRNA”, “SSU-rRNA”, “ncRNA”, “RNA-polymerase”
and more. In contrast, TC:0000061 contains many
words related to the heart such as “cardiac”, “muscle”,
“ventricle”, “ventricular” and “heart” (Figure 4(b)).
Neither community is very similar to any particular
branch in GO, although they represent similar biolog-
ical information. TC:0000400 is most similar (Jm =
0.22146) to GO:0016070 or “RNA metabolic process”,
and TC:0000061 has the highest similarity (Jm = 0.149)
with GO:0072358, or “cardiovascular system develop-
ment.”
We point out that one can also represent the biological
information contained in branches in the form of word
clouds, although, because the members of each branch
can only belong to one of the three primary domains,
all the words in the cloud will be the same color. Two
branches are illustrated in Figure 4(c)-4(d). The first,
GO:0000003, or “reproduction” clearly contains terms
pertaining to sex-related processes as it contains words
such as “female”, “sex”, “prostate” and “male.” Simi-
larly, the cloud for GO:0002376, whose parent term name
is “immune system process” contains words pertaining to
the immune system.
3.3. Term Communities can be used to Evaluate
and Predict Genetic Function
Finally, we wanted to test how our communities might
be used in one common application of the Gene Ontology:
functional enrichment analysis. To begin, we downloaded
a collection of experimentally derived genes sets from
the Gene Signatures Database (GeneSigDB) [8]. This
database is a manual curation of previously published
gene expression signatures, focusing primarily on can-
cer and stem cell signatures [7], and includes 509 human
signatures that contain at least 100 and less than 1000
genes annotated in the Gene Ontology. To perform the
functional enrichemnt analysis we use Annotation En-
richment Analysis [14] since it has been shown to better
estimate the biological functions of experimentally de-
rived sets of genes, and has a conceptual framework con-
ducive to estimating functional enrichment between sets
of terms and genes, rather than simply between two sets
of genes (for more details see Supplemental Material).
In general, we observe that term communities con-
tain slightly more statistically enriched associations with
these experimental signatures than GO branches (which
are widely used in functional enrichment analysis) and
we verified that this level of enrichment is absent for ran-
domly constructed communities (see Supplemental Fig-
ure S3). Knowing that our communities are statistically
associated with experimental gene signatures, we next
sought to know if there was a context in which our term
communities captured biological information from these
signatures that is missed by the branches, or vice versus.
6Thus we selected gene signatures that were significantly
enriched (p < 10−6) in at least one community/branch
but not significantly enriched (p > 5 × 10−5) in any
GO branch/community, respectively. Figure 4(e) shows
a heat map of the enrichment values for the nineteen
signatures that met this criteria across any community
or branch statistically enriched in at least one of those
signatures.
It is immediately striking that of these signatures,
the majority are enriched in communities and not GO
branches. Two signatures, in particular, are enriched
in a collection of communities. The first, an embryonic
stem cell signature [37], represents genes that are up-
regulated in cardiomyocytes compared to non-selected
embryoid bodies and hESC. The communities repre-
sented in this signature contain several different themes,
all consistent with the expected properties of genes se-
lected from stem cells and related to the heart. The
corresponding clouds emphasize words such as “cardiac”
and “muscle” (TC:0000012), “actin”, “myosin”, and “fil-
ament” (TC:0000249), “morphogenesis” and “develop-
ment” (TC:0000365), “blood”, “pressure” and “contrac-
tion” (TC:0000582), with the other clouds generally con-
taining these words in different combinations (see for ex-
ample TC:0000061, illustrated in Figure 4(b)). The sec-
ond signature is a list of bladder cancer specific genes
[29]. Most of the words emphasized by the commu-
nity clouds are related to cell proliferation. For exam-
ple, it is enriched in TC:0000400 (illustrated in Fig-
ure 4(a)) and the other clouds emphasize words such
as “cell-cycle”, “mitotic”, “meiotic”, “checkpoint”, “re-
pair”, “replication”, “recombination”, “telomere”, “spin-
dle”, “complex”, “DNA”, “chromosome”, “histone”, and
“methylation”. Although the connection to the bladder
is not obvious, the connection to cancer and the high rate
of cell proliferation in tumor cells [2] is apparent.
4. CONCLUSION
The network structure of gene annotations made to
the Gene Ontology has not previously been exploited
in a manner that reveals an organization of biological
function unique from the published hierarchical classifi-
cation of the GO DAG. By analyzing functional annota-
tion data we were able to construct an alternate, natural,
and biologically-relevant way in which to categorize cel-
lular functions. This categorization is structurally and
conceptually distinct from the GO DAG and allows us to
uncover multiple, strong connections between terms that
do not share a parent/child relationship. It takes advan-
tage of a large amount of data from a variety of sources
and creates a classification scheme that is motivated pri-
marily by the data reported rather than the organization
of human conceptions.
The term communities defined in this work represent
an integration of information across all three primary
domains in GO that, to the authors’ knowledge, has
(a)TC:0000400 Word
Cloud
(b)TC:0000061 Word
Cloud
(c)GO:0000003 Word
Cloud
(d)GO:0002376 Word
Cloud
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FIG. 4: (A-D) Term Communities (TC:0000400, TC:0000061)
and branches (GO:0009607, GO:0050896) summarized as
word clouds. In each case the color of a word represents
how often the term description containing that word be-
longs to each of the primary domains (BP:yellow, MF:cyan,
CC:magenta, also see Figure 2 for mixed-domain coloration)
and size represents that word’s statistical enrichment in that
community/branch. (E) A heat map showing the statisti-
cal enrichment of selected cancer signatures (see text) in GO
branches and term communities.
not previously been investigated systematically. Using
the simple principle of co-annotation we suggest that
in the future biological concepts from other classifica-
tion databases could also be analyzed or even combined
with these results. We concede that the communities de-
fined here likely do not represent the only way to group
functional terms outside of the ontology structure. Even
so, we believe that our functional enrichment analysis
demonstrates that these term communities, in particular,
are more than a mathematical phenomenon and have a
high potential to be used to better interpret biological
data.
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Supplemental Material
In this section we provide additional materials meant
to compliment and expand upon the analysis in “Find-
ing New Order in Biological Functions from the Network
Structure of Gene Annotations.” In the first section,
“Communities Found Across Multiple Resolutions”, we
provide more detail about how we used the resolution
parameter to generate multiple, overlapping, yet unique
communities of terms. In the second section, “Domain-
specific Analysis” we provide analysis of communities of
terms compared to branches within each primary domain
of GO. Next, in “Visualizing GO Branches” we illustrate
relationships between GO branches at different “levels”
of the GO DAG. In the section entitled “Functional En-
richment Analysis”, we briefly explain the methodology
used to evaluate the statistical enrichment of gene sets
in the term communities and GO branches, and pro-
vide analysis showing that this enrichment is absent for
randomly generated term communities or randomly gen-
erated sets of genes. Finally, in “Comparative Species
Analysis” we construct and analyze annotation-driven
term networks using gene annotations for sixteen addi-
tional organisms and compare those networks with each
other as well as the human results presented in the main
text.
For information regarding the methodology used to
illustrate the term communities or generate the word
clouds in the main text, see “Supplemental Methods”
below.
4.1. Communities Found Across Multiple
Resolutions
In order to find additional viable partitions of the
annotation-driven term network, representing different
resolutions, we varied the weighting parameter (see r in
Equation 3, and “Methods” in the main text). In addi-
tion to the fundamental partition (r = 0) we chose val-
ues of r in geometrically increasing steps ranging from
r = 2−4 = 0.25 to r = 210 = 1024 such that the final dis-
tribution of community sizes would resemble that of the
branches. This procedure resulted in fourteen different
partitions of the terms in the annotation-driven network
such that, initially, each term can be assigned to exactly
fourteen communities, one at each resolution. We em-
phasize that while communities at any given resolution
do not overlap, communities at different resolutions can
be highly overlapping.
We point out that it is possible for the membership of a
community found at one resolution to be identical to the
membership of a community found at another resolution.
In order to eliminate completely redundant community
information from our found communities, at each resolu-
tion, we determined if any of the communities found at
that resolution were identical in membership as a commu-
nity found at a lower resolution. If so, we “collapsed” the
Value of r Number of Number of New
(Resolution) Communities Communities
0 56 56
0.25 80 51
0.5 89 44
1 116 67
2 146 95
4 193 148
8 320 257
16 576 422
32 1007 703
64 1557 965
128 2409 1439
256 3585 1965
512 4983 2375
1024 6730 2904
TABLE S1: The number of communities found at each value
of resolution used. As the resolution is increased, the number
of communities found at that resolution increases as well.
two community assignments into that of the community
from the lower resolution. For example, of the 80 com-
munities found at a resolution value of r = 0.25, 29 had
an identical membership to one of the 56 communities
found at r = 0. We removed those 29 “redundant” com-
munities from the r = 0.25 partitioning, retaining only
their r = 0 assignment, and record that at r = 0.25 only
51 additional communities are found. Similarly, of the 89
communities found at a resolution of r = 0.5, 45 of them
are identical in membership to one of the 107 unique com-
munities found at r = 0 or r = 0.25. These “redundant”
communities were removed and we record only 44 addi-
tional communities found at r = 0.5. This procedure was
repeated for the remaining resolutions, resulting in 11491
“unique” communities (see Table S1). The cumulative
distribution of the number of members in these commu-
nities is shown in Figure S1(a). For comparison, on the
same graph we also plot the cumulative distribution of
the number of annotations made to GO branches. These
distributions are heavy-tailed and demonstrate that the
number and sizes of branches and communities are simi-
lar. The heavy-tailed distribution for branches is a result
of the hierarchical DAG structure as the members of each
branch are also members of their parent branch(es) (see
[14, 15]).
4.2. Domain-specific Analysis
The Gene Ontology is broken into three, fully indepen-
dent, primary domains, each of which takes the form of
a directed acyclic graph [35]. In the main text we com-
bined information from all three primary domains to con-
struct the annotation-driven term network. Because of
this, the dissimilarity between the GO branches and the
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FIG. S1: (A) The cumulative Distribution for the sizes of all branches in the Gene Ontology and all unique term communities
found at the various resolutions. (B-D) Distribution of Jm, the maximum similarity a domain-specific community or branch
with ten or more members has compared to all other domain-specific branches or communities with ten or more members,
respectively. Although a small number of communities and branches have similar memberships, most are very dissimilar.
term communities we find by partitioning this network
may be at least partially attributable to the fact that
members of a particular community can belong to any
of the primary domains whereas members of a particular
GO branch must all belong to the same primary domain
based on the construction of the hierarchy. To address
the extent of this issue, we constructed three “domain-
specific” term networks by using only terms specific to
a particular primary domain and the gene annotations
made to those specific terms. We partitioned each of
these networks using the same resolution values as were
used previously and, as with the partitions using all an-
notations, we retained only the “unique” set of communi-
ties for the following analysis (see Section 4.1). Table S2
shows the number of communities found and the num-
ber of branches defined in GO for each of the primary
domains.
Next we compared the membership of these communi-
ties and branches using the Jaccard similarity (see “Term
Communities and GO Branches Represent Distinct Col-
lections of Biological Functions” in the main text). We
did the comparison three times, each time confining the
comparison to those branches defined by a particular pri-
mary domain and the term communities derived from the
network constructed using those terms and their corre-
sponding gene annotations. The distribution of Jm (Fig-
Number of Number of
Branches Communities
All Terms 15033 11491
BP Terms 10192 9043
MF terms 3634 5423
CC Terms 1207 2107
TABLE S2: The number of branches defined within each pri-
mary domain as well as the number of communities found
by varying the resolution parameter and partitioning a term-
network derived by gene annotations made to terms in this
primary domain. The large size of the “Biological Process”
primary domain compared to the others is evident.
ure S1), the maximum similarity a community has to
any branch, or vice versus, for each of the domains, is not
strikingly different from that presented when using infor-
mation collected from all three domains (see Figure 3(a)
in the main text). There might be slightly more similar-
ity when directly comparing communities and branches
derived from either the “Molecular Function”, or “Cel-
lular Component” primary domains, but we remind the
reader that the majority (approximately two-thirds) of
the terms in GO belong to the “Biological Process” pri-
mary domain, and this distribution (Figure S1(b)) is
practically indistinguishable from the one presented in
Figure 3(a) of the main text.
4.3. Visualizing GO Branches
To better understand the relationships between the
branches in the Gene Ontology, we visualized branches in
a manner similar to the way we visualized the relation-
ships between term communities found at different reso-
lutions (see Figure 2 in the main text). First, we deter-
mined a “level” for each GO branch in order to segregate
the branches in a manner similar to the resolution param-
eter. To begin, the head nodes of the three primary do-
mains (“Biological Process”, “Molecular Function”, and
“Cellular Component”) were assigned to level one. Next,
we determined branches for which the head-node is a
term that has a parent-child relationship with only one
of these three level-one terms, and assigned those terms
a level of two. Continuing, head-nodes that have parent-
child relationships with only level-one or level-two terms
were given a level assignment of three, and so on. This
assignment was repeated until all head-nodes were as-
signed a “level”. Branch levels were then defined based
on the level of its head-node.
We visualized branches with one-hundred or more
term-members at the six lowest levels (Figure S2), lin-
ing up branches with the same level assignment horizon-
tally. Each branch is represented by a single circle, whose
radius scales as the log of the number of terms belong-
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FIG. S2: Visualization of branches of GO terms. Each branch is represented as a circle whose radius scales as the log of the
number of terms in the branch. The width of the line connecting two branches is proportional to the percentage of terms in the
child branch that are also in the parent branch. Color represents whether the terms in the branch belong to the BP (yellow),
MF (cyan) or CC (magenta) primary domain.
ing to that branch and whose color represents whether
the terms in the branch belong to the BP (yellow), MF
(cyan) or CC (magenta) primary domain. Between the
branches found at adjacent levels, we draw a line from
a branch at a higher level to a branch at a lower level
if at least 10% of the members of the branch from the
higher level also belong to the branch at the lower level.
The thickness of the line is indicative of the overlap in
membership between the two branches.
Unsurprisingly, we observe three distinct sets of inter-
connected branches corresponding to branches belonging
to each of the three primary domains. Like in the visual
representation of the term communities across different
resolutions (see Figure 2 in the main text), we observe
a lot of “cross-talk” between branches at adjacent levels,
whereby a branch at a given level is very likely to con-
tain members from multiple branches at a lower level. We
note that in this representation, an individual term can
be a member of multiple branches at the same “level”.
This is in contrast to segregating communities by reso-
lution, in which case each term only appears once on a
given resolution-row. As a consequence, the inter-level
connections between branches are somewhat structurally
different from connections between communities found at
adjacent resolutions. Namely, branches that share a term
will necessarily also share a set of parent branches. Re-
dundancy of the same term member(s) across multiple
branches at a given level is visually evident among “Bi-
ological Process” (yellow) branches, where there exists
groups of branches at each level that connect primarily
to the same set of branches at a lower level.
4.4. Functional Enrichment Analysis
We also wanted to test how our communities might be
used in functional enrichment analysis, a very common
application of the Gene Ontology. Traditionally, each
branch of GO is collapsed to its head node and all the
genes annotated to that head node are grouped into one
“set.” (Note that this set is the same as the genes an-
notated to the entire branch because of the propagation
of gene annotation assignment, see the “Introduction” in
the main text). Recently there has been evidence that
this approach over-simplifies the complex structure of the
Gene Ontology and has the potential to mis-represent the
enrichment of gene sets in branches [14]. Therefore, we
choose to use Annotation Enrichment Analysis (AEA)
to evaluate the functional enrichment of experimentally-
derived gene sets in both the GO branches and our term
communities. AEA allows the user to specify a collection
of terms and a collection of genes and uses a randomiza-
tion protocol to evaluate the probability that these two
sets are more connected than by chance.
We ran AEA using one million randomizations defin-
ing collections of genes using a public database of Cancer
Signatures [8] and using collections of terms defined by
(1) membership in the term communities; or (2) member-
ship in GO branches. We plot the number of pairs of term
and gene “collections” that are enriched beneath various
significance thresholds (Figure S3(a)) and observe clear
statistical enrichment of experimentally-derived gene sig-
natures in both term communities and GO branches
with several thousand community-signature and branch-
signature pairs enriched at a p-value significance less than
10−6.
Next, we wished to verify that this enrichment was not
an artifact of the community construction – namely, we
wanted to verify that experimental gene signatures are
not enriched in random collections of terms and that term
communities are not enriched in random collections of
genes. Therefore we constructed “random” term commu-
nities by taking the community assignments of terms and
swapping term labels. Similarly, we constructed “ran-
dom” gene sets by randomly swapping gene labels. This
gives us random term communities and random gene sets
with both the same size and relative overlap as the real
term communities and the experimentally-defined signa-
tures. We then ran AEA an additional four times, using:
(1) random communities and the experimentally-defined
signatures; (2) term communities and random gene sets;
(3) branches and random gene sets; and (4) random com-
munities and random gene sets. The result of AEA indi-
cated no enrichment using either random term commu-
nities or random sets of genes (Figure S3(a)), showing
that the term communities generated by partitioning the
annotation-driven term network contain useful biological
information.
AEA evaluates the overlap in annotations made by a
set of genes or to a set of terms. Other, traditional func-
tional enrichment analysis procedures, however, often use
Fisher’s Exact Test (FET) to evaluate the overlap in two
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FIG. S3: Level of statistical enrichment found when comparing branches, communities, and randomly generated communities
with either cancer signatures or randomly generated gene sets. Only branches and our identified term communities show
statistical enrichment in experimentally-derived gene signatures, with slightly more enrichment for the communities compared
to the branches.
sets of genes – one defined by a gene set or signature
of interest, and the other defined by taking the set of
genes annotated to all the terms in a GO branch (same
as the genes annotated to the parent node). Although
there is evidence that such analysis is highly sensitive
to the annotation degree of genes and terms [14], we
wanted to see if our communities were enriched in cancer
signatures using this more traditional approach. There-
fore, for each GO branch, term community and random
community, we took the collection of genes annotated
to all terms in that branch/community/random commu-
nity, and assigned this set of genes to represent that
branch/community/random-community. We then eval-
uated the significance of overlap between theses sets of
genes and sets of genes as defined by cancer signatures,
or random sets of genes.
As with AEA, both term communities and GO
branches show enrichment in experimentally-defined gene
signatures using FET, with term communities perhaps
having a slightly greater level of enrichment (Figure
S3(b)). At first it is surprising to observe that random
communities also show a large amount of enrichment in
the experimental gene signatures – much more than ei-
ther the branches or real communities!! In retrospect,
however, this serves to highlight a known weakness of
FET to incorrectly over-estimate the significance of over-
lap when genes in a set contain a higher than expected
number of annotations. Whereas our random gene sets
represent a random sampling from all genes annotated
to GO, the genes collected in the signatures published
by GeneSigDB are biased in that they are generally an-
notated much more frequently to GO than one would
expect by chance (see [14]). Furthermore, by taking all
genes annotated to a collection of terms, highly anno-
tated genes are also more likely to be represented in the
gene sets representing the branches, term communities,
and the random communities. The enrichment of the ex-
perimental gene signatures in the random communities,
therefore, is attributable to the fact that FET finds sig-
nificant overlap between sets containing an abundance
of highly annotated genes, independent of the biological
content of those sets. For more discussion, see [14].
4.5. Comparative Species Analysis
Even though the Gene Ontology hierarchy establishes a
species-independent terminology, one could imagine con-
structing networks of terms using species-specific gene
annotations, and thereby constructing species-specific
term communities. These communities would reflect the
biological terms that are performed by the same sets of
genes in a particular species and wouldn’t necessarily be
the same across different species. In this section we eval-
uate the similarity between partitions of GO terms de-
rived from the annotations of seventeen model organisms,
including thale cress (Arabidopsis thaliana), Escherichia
coli, slime mold (Dictyostelium discoideum), Aspergillus
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FIG. S4: The variation of information between term par-
titions generated from species-specific projected term net-
works. Labels along the x-axis are the scientific name for the
species and labels along the y-axis are the common name for
the species. Although the partitions are more similar than
random (V I ≈ 2.4), they are still far from being identical
(V I = 0), indicating that these species-specific communities
of functional terms carry distinct information.
nidulans, three types of yeast including Candida albicans,
budding yeast (Saccharomyces cerevisiae), and fission
yeast (Schizosaccharomyces pombe), worm (Caenorhab-
ditis elegans), fruit fly (Drosophila melanogaster), ze-
brafish (Danio rerio), chicken (Gallus gallus), pig (Sus
scrofa), cow (Bos taurus), dog (Canine lupus familiaris),
mouse (Mus muculus), rat (Rattus norvagicus) and hu-
man (Homo sapiens). We downloaded gene annotation
files for each of these species and projected term-term
networks (see Section “Constructing a Term Network
from Gene Ontology Annotations” in the main text). We
then partitioned each of these networks into communities
(see Section “Identifying Communities of GO terms” in
the main text). For simplicity we choose to focus only on
the fundamental partition (resolution parameter r = 0,
see Equation 3 in the main text). This results in exactly
one discreet partitioning of GO terms associated with
each species.
Comparing community structure identification is an
ongoing area of research in the complex systems field and
there are multiple proposed methods for comparing two
discreet partitions of a set of nodes (e.g. [9, 23]). One
we will employ here is the variation of information (V I)
[23]:
V I(X,Y ) = H(X) +H(Y )− 2MI(X,Y ) (4)
where H(X) is the Shannon’s entropy associated with a
partition, X, and MI(X,Y ) is the mutual information
between two partitions, X and Y . V I(X,Y ) represents
a distance between the information shared between two
partitions, X and Y , with V I(X,Y ) = 0 indicating iden-
tical partitions.
We calculated the VI between the partitions for every
pair of species, using only terms common to both parti-
tions when different sets of terms are annotated in the
different species. Figure S4 shows these values. We also
calculated a VI value for a random shuffling of commu-
nity assignments in each pair of species and observe that
“random” VI takes a value of approximately 2.4 ± 0.12.
The actual VI is generally lower than this random value
showing that there is some shared information; however,
most comparisons are much closer to this random value
than to “perfect” agreement (V I = 0), indicating that
these term partitions are far from identical.
Interestingly, there is a relatively higher level of simi-
larity between the species belonging to the Fungi King-
dom (A.nidulans, yeast, budding yeast and fission yeast).
On the other hand there is higher dissimilarity between
animals belonging to the Chordata phylum (zebrafish,
chicken, pig, cow, dog, mouse, rat, human), both between
each other and compared to the other species. This could
be a consequence of evolutionary diversity playing a more
dominant role in the organization of biological function
in these organisms, perhaps through more complex regu-
latory mechanisms such as epigenetics. The exception is
when comparing mouse, rat and human, which is not en-
tirely surprising given the extent to which mouse is used
to mimic the human system in laboratory experiments.
Although some of the differences between the species-
specific term communities may be due to variations in the
annotation practices among groups that supply annota-
tions to GO, it is also likely that they reflect real, biolog-
ical differences in the cellular organization of these sys-
tems. We suggest that using these partitions of terms in a
species-specific context may enhance the results of func-
tional analysis for these model organisms. Furthermore,
identifying the exact differences between these communi-
ties may uncover important cellular properties of various
species, an investigation we leave to future work.
Supplemental Methods
In this section we provide additional information on
the methodology used to illustrate the term communities
across different resolutions (Figure 2 in the main text)
and generate the word clouds representing the biological
content of those communities (Figure 4 in the main text).
4.6. Illustrating Community Structure at different
resolutions
To better understand the relationships between the
communities found at different resolutions, we visual-
ized the uniquely-found term communities with ten or
15
more members for the six lowest values of resolution used
(r = {0, 0.25, 0.5, 1, 2, 4}) (Figure 2 in the main text).
We line up the communities found at each resolution and
visualize each as a circle whose radius scales as the log
of the number of term members found in that commu-
nity and whose color corresponds to the percentage of
“Biological Process”, “Molecular Function” and “Cellu-
lar Component” terms that belong to that community.
In other words, for each community we count the num-
ber of members in that community from the “Biological
Process” domain and divide by the number of members
in the entire “Biological Process” domain. We then do
the same things for the other two domains. After these
percentages are calculated, within each community they
are “normalized” by dividing by the maximum found per-
centage such that the vector representing that commu-
nity’s domain content has at least one member with a
value of one. We can think of these values in terms of
a three-part cmy color vector. The normalization pro-
cess causes communities with an equal percentage from
all three primary domains to be colored black (cmy color
vector equal to [1,1,1]), and those with members only
from one primary domain to be exactly yellow ([0,0,1]) for
“Biological Process”, cyan ([1,0,0]) for “Molecular Func-
tion”, or magenta ([0,1,0]) for “Cellular Component”.
Between the communities found at adjacent resolu-
tions, we draw a line from a community at a higher reso-
lution to a community at a lower resolution if at least 10%
of the members of the community from the higher resolu-
tion also belong to the community at the lower resolution.
Line thickness scales linearly based on the percentage of
members of the community from the higher resolution
that belong to the community at the lower resolution.
Note that although connections are only made between
communities in adjacent resolutions, sometimes the par-
ent community is identical to another community found
at an even lower resolution, in which case the connection
is made from the child community to the copy of the
parent at its lowest found resolution.
4.7. Capturing Biological Information In Word
Clouds
In order to easily interpret the contents of our commu-
nities we summarize the information contained in each in
the form of word clouds using a free word-cloud making
program [1]. This program automatically configures the
orientation of the words in the clouds, but we manually
assign each word a relative size and color to represent
that word’s statistical enrichment in the community and
the primary domain that word is representing in the com-
munity, respectively.
To begin, for each community, we determine all the
descriptions corresponding to the member terms of that
community and count the number of times an individual
word appears across all these descriptions. Then, for each
of these words, we calculate the statistical enrichment (p-
value) of the frequency of that word in the community
compared to its frequency across the descriptions of all
GO terms using the hypergeometric probability:
p = P (N ≥ Nwc|Nw, Nc, Ntot) =
min[Nw,Nc]∑
i=Nwc
(
Nc
i
)(
Ntot−Nc
Nw−i
)(
Ntot
Nw
) ,
(5)
where Nwc is the number of times that word appears
in the term descriptions specific to a community, Nw is
the number of times that word appears across all term
descriptions, Nc is the number of individual words in the
term descriptions specific to a community, and Ntot is the
number of individual words across all term descriptions.
We scale the sizes of the words in the word cloud as
−log10(p) such that words with the lowest probability of
being in the community by chance are given the largest
size, and those one might expect by chance are given a
size close to zero.
We also colored each word based on the percentage of
times the terms that word comes from in a community
belongs to each of the primary domains. Specifically, for
each instance of a word in the term descriptions, we de-
termine the domain assignment of that term and give
that word instance the same domain assignment. To
color the word in a community-specific context, we de-
termine the domain assignments made to all instances
of that word in the community. We count these in-
stances and divide by the domain assignments made to all
words. This will generate a three-part vector represent-
ing the percentage of the primary domain represented by
the word in the community. We “normalize” this vector
by dividing by the maximum found percentage, resulting
in a three-part cmy color vector has at least one mem-
ber with a value of one. The described normalization
causes a word with an equal percentage from all three
primary domains to be colored black (cmy color vector
equal to [1,1,1]), and those with members only from one
primary domain to be exactly yellow ([0,0,1]) for “Bio-
logical Process”, cyan ([1,0,0]) for “Molecular Function”,
or magenta ([0,1,0]) for “Cellular Component”.
